Abstract As land use change (LUC), including deforestation, is a patchy process, estimating the impact of LUC on carbon emissions requires spatially accurate underlying data on biomass distribution and change. The methods currently adopted to estimate the spatial variation of above-and below-ground biomass in tropical forests, in particular the Brazilian Amazon, are usually based on remote sensing analyses coupled with field datasets, which tend to be relatively scarce and often limited in their spatial distribution. There are notable differences among the resulting biomass maps found in the literature. These differences subsequently result in relatively high uncertainties in the carbon emissions calculated from land use change, and have a larger impact when biomass maps are coded into biomass classes referring to specific ranges of biomass values. In this paper we analyze the differences among recentlypublished biomass maps of the Amazon region, including the official information used by the Brazilian government for its communication to the United Nation Framework on Climate Change Convention of the United Nations. The estimated average pre-deforestation biomass in
Introduction
The increasing rate of global carbon dioxide (CO 2 ) emissions to the atmosphere and, additionally, the increasing atmospheric CO 2 concentration has no parallel in the preceding hundred to millions years of Earth's history (IPCC 2013) . From 1958 to 2004 the mean global CO 2 emissions increased at approximately 1.3 % per year, whilst from 2004 to 2010 this rate rose to approximately 3 % per year (Global Carbon Project (GCP) www.globalcarbonproject. org). Most of this increase is associated with fossil fuel burning. According to the Global Carbon Project CO 2 budget, the estimated uncertainty of fossil fuel CO 2 emissions at the global scale is 6-10 % for the 2009-2010 analysis. The Fourth Assessment Report of the Intergovernmental Panel for Climate Change (IPCC 2007) states that tropical deforestation accounts for 10-20 % of anthropogenic CO 2 emissions, with the uncertainty on this range being mostly due to estimates of pre-deforestation biomass, and spatial heterogeneity in biomass. Biomass burning-driven greenhouse gas emissions follow a different trajectory to those from fossil fuel combustion. Recent reductions in deforestation rates in tropical regions (e.g. in Brazil, Indonesia) mean that the fractional contribution of the land use CO 2 source to total anthropogenic emissions to the atmosphere has decreased in recent years (Le Quéré et al. 2009 ).
In spite of technological advances in mapping land use change and biomass, the most recent emissions estimates for tropical forests contain even more variance than those from previous decades (Houghton 2010) , because of the large estimated spatial variability in biomass. Given the widely-acknowledged importance of tropical forests for climate, carbon storage and sequestration, biodiversity and for ecosystem services, improved biomass estimates remain an important scientific and social priority (Nobre et al. 1991; Hoffmann et al. 2003; Malhi 2010) .
Tropical forests, classified as humid forests by the Global Land Cover Classification (2000), cover about 13.4 million km 2 within the global tropical belt. In tropical America humid broadleaf forest covers about 47 % of the region, mostly in South America, particularly the Amazon region. In Brazil, the Amazon basin covers more than 5 million km 2 , of which 80 % are still intact forest (Davidson et al. 2012; Ometto et al. 2011) . Tropical forests are highly diverse ecosystems, hosting a large fraction of the current known terrestrial biodiversity. The Amazon forest alone is thought to house 25 % of the terrestrial global plant species (Lambin et al. 2001; Strassburg et al. 2010) . Tropical forests also regulate climate by influencing the hydrological cycle at multiple scales, via differences in surface roughness, albedo and through the control of transpiration (e.g., Spracklen et al. 2012; Werth and Avissar 2002) . Spatial variation in vegetation composition and biomass is partly determined by the prevailing climate, but is also influenced by soil fertility and physical structure (Quesada et al. 2011) . Together with constraints to seed dispersal, these factors strongly influence the distributions in vegetation type and associated biomass observed in natural vegetation, and whose patchy nature presents a challenge to mapping efforts.
Vegetation type varies from sparse open savanna to dense broadleaf evergreen forest, with species composition, forest structure and ecological dynamics varying greatly throughout the region (http://www.ibge.gov.br; Hoffmann et al. 2004; Malhi et al. 2004) . Estimates of the total carbon stock in Amazonia range widely, from 70 to 120 PgC (Malhi et al. 2009; Potter et al. 2009; Saatchi et al. 2007 ) and this variation partly reflects uncertainty in the biomass content and areal extent of different vegetation types. More than 10 years ago (Houghton et al. 2001 ) observed that estimates of biomass for the Amazon forests in Brazil varied more than two-fold, with disagreement in the distribution of maximum and minimum biomass content in the seven estimates analyzed. Surprisingly, the most recent updates have not substantially changed this observation, noting wide variance in the estimated spatial distribution of biomass classes as well as total biomass (Malhi et al. 2009; Saatchi et al. 2007 Saatchi et al. , 2011 Fearnside 1997; Malhi et al. 2006; Saatchi et al. 2007; Nogueira et al. 2008a; Saatchi et al. 2011; Baccini et al. 2012) . Although there is uncertainty in emissions resulting from the deforestation process itself, uncertainty in the underlying original biomass remains the largest contributor to uncertainty in deforestation emissions (Aguiar et al. 2012) .
In this paper we explore the available biomass classification maps for the Brazilian Amazon, estimating the range in current estimates in the literature and then comparing with the Brazilian Government-based map used for reporting carbon emissions to the United Nations Framework Convention on Climate Change. Also we examine the influence of the use of different biomass maps on uncertainty in carbon emission calculations due to land cover change in recent years, and in future scenarios (unpublished data, Ana Paula Aguiar, Ima Vieria, Peter Toledo and Jena Pierre Ometto, Earth System Science Centre, National Institute for Space Research Internal Report), using the IPCC Tier 1 methodology (www.ipcc-nggip.iges.or.jp/public/2006gl/vol4.html).
Within the scope of the 3rd International Meeting on Uncertainty in Greenhouse Gas Inventories, (held in Lviv, Ukraine from 22 to 24 September 2010), our analysis aims improve the validation of land use and land use change (LULUC) emission models for the Brazilian Amazon region. The issues discussed here have important implications for national greenhouse gas emissions inventories, future emissions scenarios, forest management and the possible implementation of REDD + initiatives, among others (REDD: 'Reducing Emissions from Deforestation and Forest Degradation in Developing Countries').
Methods

Biomass data sources
The biomass maps used for this analysis were derived from recent publications in the scientific literature and from the map used by the Brazilian Ministry of Science and Technology (MCT 2010) for reporting the national greenhouse gas emissions estimates to the United Nations Framework Convention on Climate Change (The National GHG Communication). The sources and the structure of the data used in this analysis are described below and presented in Fig. 1 . Baccini et al. 2012) , hereafter BB12. Pan-Tropics above-ground biomass map based on satellite observation using LiDAR data (spatial resolution of 70 m) and multispectral surface reflectance imagery (at 500 m spatial resolution). The authors also collected field data in the global tropics from 2008 to 2010 at sample points co-located with the LiDAR 'footprints'. LiDAR data were obtained from the Geoscience Laser Altimeter System (GLAS) database. Surface reflectance data were obtained from the Moderate Resolution Imaging Spectro radiometer (MODIS). Digital elevation data were acquired as part of NASA's Shuttle Radar Topography Mission (SRTM) database. (Saatchi et al. 2011) ; c BN08 (Nogueira et al. 2008a, b) ; d BB12 (Baccini et al. 2012 ); e BM10 (MCT 2010) & (Saatchi et al. 2011) , hereafter BS11, produced a global map of AGLB and BGLB (Aboveand Below-Ground Biomass) analyzing both ground and remotely sensed data for the following types of vegetation: (i) old growth tropical forest; (ii) woodland savanna; (iii) dry forest; (iv) and regrowth forests. BS11 uses radar remote sensing data derived from the Geoscience Laser Altimeter System (GLAS) LiDAR. The analysis was performed across the global tropics at 1 km spatial resolution. Ground observations and error propagation were used to assess the uncertainty involved in translating remotely sensed data into AGLB estimates. This error is reported to be, on average, >30 %. The BGLB is derived as a proportion of AGLB (Saatchi et al. 2011) . & (Nogueira et al. 2008a, b) hereafter BN08, propose an AGLB for the Amazon region following (Fearnside 1997; Fearnside and Laurance 2004) , with a wood density re-analysis and new allometric equations produced for relatively fertile soils in the southern Amazon. The BN08 map for the whole region was based on data from the RADAM-BRASIL (http://www.cprm. gov.br/publique/cgi/cgilua.exe/sys/start.htm?UserActiveTemplate=cprm_layout_EN&tpl= home), but it also incorporated corrections for wood density and wood volume, and incorporated expansion factors used to include the bole volume of small trees, and the biomass of large tree crowns. The variation in AGLB is smaller than in Saatchi et al. (2007) , but overall, the values are considerably higher (see increase in red color in Fig. 3c ). This map shows a strong data saturation, as some classes had null values. The authors report BGLB spatially as percentage of AGLB, with a mean value for the region as 25.8 % of the AGLB. & (Saatchi et al. 2007 ), hereafter BS07, used remote sensing, environmental variables and ground measurements to estimate AGLB in the Amazon basin. The method used a decision tree to spatially distribute seven distinct biomass classes for primary vegetation. BGLB was estimated as 21 % of the AGLB (according to published data at the time). The authors reported 80 % accuracy in relation to their ground-truth data, which is similar in relative terms if compared to the uncertainty of 30 % found in BS11,taking into account the different types of remote sensing data used to create these two maps. A regression based on satellite data was used to estimate biomass of herbaceous savannas and secondary forest. & MCT (2010), hereafter BM10, produced biomass estimates based on 2702 plots inventoried by the RADAMBRASIL project, which extensively mapped the Amazon region from 1971 to 1986 in a 1:1000.000 scale. The RADAM project was designed to inventory areas from 0.5 to 1.0 ha, randomly distributed across the region, with all trees over 38 cm of DBH measured (diameter at breast height, 1.3 m). Biomass for trees smaller than 38 cm diameter 1.3 m was estimated according to a distribution histogram produced from subsamples made as part of the RADAM project. Allometric equations used to estimate AGLB and belowground living biomass (BGLB) from DBH were based on Higuchi et al. (1998) . MCT (2010) reports Below Ground Biomass (BGB) as 28 % of AGB.
For the two more recent remote sensing maps (BS11 and BB12), produced at global scale using similar input data (as described above), there are some key differences: (i) for the allometric equations, BB11 used tree height, diameter and wood density, but BB12 did not use wood density; and (ii) the authors used a different interpolation method. An equivalent analysis proposed in our work, but with fewer biomass maps and with different biomass classes, can be found at: (www.geos.ed.ac.uk/~emitchar/carbonmapcomparison/Index.html)
Data preparation
In order to perform an appropriate comparison among different biomass maps and datasets the BS07, BM10, BS11 and BB12 were resampled according to BN08, the biomass map with the coarsest resolution classes (Table 1) . Then all maps were masked to only show their common mapped areas and to remove the areas already deforested according to land use data from the PRODES project (INPE 2011); Fig. 1 illustrates the resulting pre-processed maps.
Data analysis
In order to compare the core differences in the magnitude and spatial distribution of carbon in live biomass we adopted four alternative and complementary approaches: a) Visual comparison of classified maps: we used the 11 biomass classes used by BS07 to classify BN08, BM10, BS11 and BB12 (Fig. 2) . Then, difference maps were calculated in relation to BS11 (BS11-BS07; BS11-BN08; BS11-BM10; BS11-BS12). We chose BS11 as a reference because it has a global coverage and 1 km 2 resolution. By using a simple difference between raster-based datasets we obtained difference maps that attempt to capture where, and by how much, the different biomass maps differ. b) Quantitative analysis (region-based): a regional-scale analysis was performed in order to analyze broader differences among the maps, their average values and standard deviations (Table 2 ) and river basins (Fig. 3) Aguiar et al. (2012) to estimate the original vegetation prior to the deforestation process. This correction is critical for the maps based on remote sensing (mainly BS11 and BB12) that are influenced by the deforestation and secondary vegetation dynamics that occurred prior to the image acquisition dates. For carbon emissions calculation purposes, we implemented the following procedure for processing biomass maps: for any deforested cell (above 10 % of cell area), the prior biomass is the average of the non-deforested (below 10 %) neighbor cells, assuming a 10×10 km neighborhood. 
Results
The histograms in Fig. 4 demonstrate the differences in the biomass class and values occurrence in each of the five maps. Large differences among the maps in terms of what is considered the mean biomass and the statistical distribution of that biomass are shown in Table 2 . BM10 and BN08 show biomass density ranges of 150-250 and 250-350 Mg ha −1 respectively, although their spatial distributions of biomass density classes are similar. Overall the BN08 and BB12 maps suggest larger biomass density values throughout the region in comparison to BS11, although the biomass class distributions differ, with BN08 similar to BS07 and BB12 similar to BS11. Perhaps most notably, major differences between the maps can be observed in the spatial distribution of total biomass, as Figs. 2, 3 , and 5 illustrate. Differences in biomass at the scale of eco-regions are shown in Fig. 5 . Figure 6 presents timetraces of mean biomass, per map, estimated to be associated with deforestation during the Fig. 4 Histograms of biomass distribution for the BS07, BS11, BN08, BB12 and BM10: biomass classes and frequency period 2002 to 2020; the substantial inter-map differences of up to 50 % underline how large inter-map variability is, and its potential impact on emissions estimates. The location of new deforestation frontiers coupled with intra-regional variation in biomass density will influence Overall, the results show some similarities in biomass for non-deforested regions of the State of Amazonas, but important differences in biomass among other regions, in particular in the east and far north of the Amazon region, and at the Brazilian borders with Colombia and Venezuela (Fig. 5) . Despite the larger number of sample plots used to estimate biomass in BS11, most were located in old growth forests, with only a small portion of them in secondary forest and swamp areas, implying that estimates for these latter vegetation types may be less well constrained. In BS07, the sample plots were better distributed among old growth forests, secondary forests of different ages and areas of savanna. These differences in underlying ground data might be responsible for the divergence between the two maps provided by Saatchi and co-authors. More generally, the observed variance in recent biomass estimates likely reflect: (i) differences in sample plot measurements adopted to calibrate each model; (ii) differences in the remote sensing data product combinations used; and (iii) the exclusion for some analyses of GLASS images from very steep terrain (>20 % slope ) to avoid large tree height error estimates, to , with the latter potentially leading to an underestimation of aboveground biomass, where very structured and old-growth forests can occur (Araújo et al. 2002) .
Finally, the methodology used by BM10, based on the RADAM data (1:1,000,000), resulted in large differences in biomass with respect to the other maps, and large changes in biomass between adjacent surveyed areas and regions (corresponding to different RADAM data sheets) within BM10. This made, spatial comparisons with BM10 less informative, although the large apparent disparities in biomass calculated for the BM10 map were not propagated into CO 2 emissions as the deforestation front in the analysis had not advanced to these areas (INPE 2012) . However, as future deforestation approaches the northwestern edge of the region, a large shift in calculated emissions rates is likely using BM10.
Discussion
In general, our analysis indicates substantial differences in the estimates of biomass density by region, and provides details on where and by how much the maps differ. In this section, we discuss the potential reasons for such differences and the alternatives for reducing such uncertainties.
Methods underlying the maps
Houghton et al. (2001) made a number of recommendations for reducing uncertainty in the estimation of biomass across Amazonia. In the intervening period, there has been improvement in some but not all of these areas. Major differences in biomass estimates are frequently related to inconsistencies in field measurements: weak allometric relationships for some vegetation types such as secondary forest, savanna and/or degraded forest areas; incomplete or insufficient field parameters used to construct or calibrate the relevant allometric equation (e.g. due to under sampling of certain plant groups, or biogeographic areas; Feldpausch et al. 2011a, b) ; the size of the sampling plot (Anderson et al. 2010) ; and the strategies used to extrapolate the data. The maps that use remote sensing data to extrapolate biomass from a core ground-based dataset may also be influenced by unaccounted-for variation in soil characteristics and the preceding history of forest disturbance and deforestation (BS07, 11 and BB12), a source of variability that may potentially lead to larger errors when aggregated at larger pixel scales. On the other hand, maps based solely on field inventory depend on interpolation techniques and may suffer from lack of detail in the quantification of spatial heterogeneity (Aguiar et al. 2012 ).
The stratification of biomass into different classes is fundamental for the extrapolation of data derived from field and remote sensing based measurements. Therefore, the scale of sampling is also relevant, for example whether data collection was for traditional forest inventory or specifically for biomass assessment. The development and use of a widely and densely distributed network of permanent sample plots designed for biomass estimation would substantially improve point and interpolated biomass estimates, and further would advance the refinement of allometric regression equations used to estimate biomass from simpler measurements (e.g. Feldpausch et al. 2011a, b) . With this in mind, Brazil is currently developing an extensive forest plot network in a 20×20 km grid in some parts of the country, with finer-scale grids in vegetation transition areas and highly heterogeneous landscapes (http://ifn.florestal. gov.br/); this will become a very important data base in the near future.
Changes in biomass due to growth/decline/degradation
The biomass maps used in the current analysis do not consider changes over time. However annual changes in forest growth and biomass accumulation have been reported to be in the range of 0.5 to 1.0 t C/ha/y (Vieira et al. 2005) . Ultimately variation in old-growth forest dynamics, rates of regrowth in secondary forests and rates of forest degradation must be adequately quantified to fully inform carbon stock and emissions analyses over time. For example, even in undisturbed old-growth forest, there is evidence for differences in the mortality, growth and recruitment processes determining forest dynamics (Phillips et al. 2004 ). These differences are evident in the spatial variation in biomass and above-ground carbon residence times from east to west across the Amazon basin (Malhi et al. 2006; BN08, BS07 and BM10) , and over time in repeatedly measured forest plots across the region (Phillips et al. 2004) . The reported increasing dynamism in Amazonian forests may also result in changes in functional composition and in increased vulnerability to drought, potentially leading to reductions over time in standing biomass (Phillips et al. 2002; Potter et al. 2011) , and this may also be accompanied further by alterations to the residence time in different decomposing carbon pools, especially under contrasting climate regimes of, for example, drought or flood.
In addition to changes over time in old growth forest carbon stocks, the dynamics of degraded primary forest, or of previously-cleared secondary forest represent further important contributions to overall uncertainty in land-use related carbon emissions. The former (degradation of primary forest) has often been considered a relatively small component, although recent remote sensing assessments of primary forest degradation through selective logging and fire estimated substantial annual changes in the affected areas: 15,987 km 2 in 2007; 27,417 km 2 in 2008; and 13,301 km 2 in 2009 (INPE 2011). Thus, even in the absence of deforestation, degradation alone can alter biomass over substantial areas of natural forest, with downstream effects on carbon stock dynamics, for example following increased vulnerability to climate extremes. The need to understand the secondary forest recovery cycle following disturbance has been recognized for some time, even though quantification studies covering the full cycle from clearance through regrowth to re-clearance still remain sparce. Recently, Brazil's National Institute for Space Research (INPE) developed a method to classify land use in deforested areas previously mapped by the project PRODES, thus identifying not only classes of land use, but also mapping regrowth of secondary vegetation (TerraClass-INPE). According to this monitoring and classification system the amount of secondary forest in the Brazilian Amazon up 2010 was 21 % of the mapped clear-cut deforestation (close to 740,000 km 2 ). The regrowth rate for secondary vegetation, and consequent rate of carbon accumulation, depends partly on the previous history of the abandoned land. (Feldpausch et al. 2005 ) reported post-pasture biomass accumulation for two secondary forests in Central Amazonia of 120 to 135 Mg/ha after 14 years of abandonment and found that biomass accumulation rates were similar to those obtained from lightly-used pastures in eastern and central Amazônia. More generally, Houghton (2010) and Ramankutty et al. (2007) have suggested that Amazon forests recover 70 % of their original biomass in the first 25 years following clear-cutting, and the remaining 30 % over the following 50 years. These and similar data serve as a starting point to inform dynamic modelling of forest recovery post-disturbance, but much more empirical data are needed to improve the spatial resolution and ecological interpretation of forest regrowth across the Basin.
Conclusions
The biomass density maps analyzed in this study use different approaches to estimate and interpolate ground-based and remotely-sensed data sources, and produced markedly different distributions of estimated biomass density classes. Reducing uncertainty in estimating biomass in the Amazon region is centrally important for estimating carbon emissions from land cover change and deforestation, as well as for underpinning the development of policy mechanisms aimed at reducing total land-use related emissions, such as the UN-REDD + framework. Land use planning in the Brazilian Amazon has the potential to achieve substantial emissions reductions over the coming decade, especially in the context of the national commitment from Brazil to reduce deforestation by 80 %. To make the most of this opportunity, improved biomass estimation should be considered a high priority. Our results underline the need for higher resolution biomass maps based on a combination of remote sensing data and an intensified field network of permanent forest plots. Whilst an improved ground-truth database is essential, improvements in post-processing of remotely sensed data (e.g. to account for variation in soil and topography) are also necessary, as are advances in the estimation of the effects of previously-ignored forest degradation processes, and the dynamic modelling of forest regrowth trajectories. The goal of better management of greenhouse gas emissions from deforestation in the Brazilian Amazon offers great opportunities for the development of mechanisms and programs focusing on changing deforestation patterns in the region. Brazil potentially has a globally important role to play in forest-related carbon dioxide emissions reductions, and the national commitment to an 80 % reduction in the deforestation rate in the Amazon region may alone lead to substantial reductions in emissions from land use in tropical forests.
